This study uses high-frequency water consumption data from 311 smart meters to link consumption with census data. For this purpose a well-established procedure was adopted. Results include the identification of the socio-demographic profiles associated to low, medium, medium-high and high water consumption groups and distinct daily consumption patterns in terms of the period of the day with maximum consumption: (i) morning period, (ii) morning and lunch period, (iii) dinner period.
INTRODUCTION
The important influential factors determining the sustainability and reliability of urban water supply are socioeconomic developments, such as population and economic growth, and the impacts of climate change (WSAA ).
While structural changes may either increase or decrease domestic consumption, appliance technological changes tend to improve water use efficiency.
Water demand management has been typically approached as an engineering problem, rather than a socio-demographic one. Nevertheless, to reduce the uncertainty associated with consumption, previous studies This understanding is very important for network operation and planning. However, since consumption is contextdependent, the use of general relations to characterise it may introduce bias in the results. Therefore, the availability of expedite procedures to assess the impact of key-factors on consumption is very relevant. Nevertheless, some of these procedures require conducting surveys, for sociodemographic and/or behaviour data collection, involving a large amount of work and human resources (Gilg & Barr ; Spinks et al. ; Fielding et al. ) . Census data provide detailed information at the subsection level about the buildings, dwellings, families and population and might be very useful to obtain a first understanding about key-factors that influence household consumption.
MATERIAL AND METHODS
The procedure proposed by Loureiro et al. () and Loureiro () and later improved by Mamade () and Mamade et al. () to profile household consumption taking into consideration socio-demographic variables includes the following stages: (i) telemetry consumption data collection, processing and analysis; (ii) census data collection, processing and analysis; and (iii) consumption profiling taking into consideration socio-demographic variables.
In the first stage, continuous and real-time domestic consumption data from each client were collected during a time interval long enough to characterise data properly (i.e. at least 3 months). Since data were collected with an irregular time step, data normalisation was carried out to reduce data to 15 minutes regular time step. For each time series, a set of consumption variables was calculated to: (i) evaluate leakage in the household (minimum night consumption value between 0:00 and 6:00); (ii) find the average consumption taking into consideration different weekday scenarios (daily average consumption); and (iii) assess consumption variability (instantaneous and daily peak consumption).
Relative to the minimum night consumption period (when customer demand is least and leakage is dominant), Loureiro () verified that it was variable in this case study (among the network sectors and along the year), which agrees with other studies that refer that this period is casestudy dependent (Fantozzi & Lambert ; Loureiro et al. ) . However, this period was always included in the window of analysis adopted for leakage estimation (0:00-6:00).
Each client was also characterised in terms of the dimensionless daily pattern for different weekday scenarios Subsequently, the socio-demographic resulting factors were used to correlate with the consumption profiling, by running a Spearman correlations matrix analysis.
RESULTS AND CONCLUSIONS
Case study
The methodology was tested in a group of 311 households (687 inhabitants), belonging to three small network sectors of a water distribution system, located in the north region of Portugal. In terms of metering equipment, rotating piston meters (nominal diameters between 15-20 mm, R400 metrological class, pulse resolution 1 l/pulse) were used to measure consumption in each dwelling. Telemetry systems, combining radio and GSM communications, were implemented to collect real-time consumption data from each client between January and April 2009. Customers' consumption data were collected with an irregular time step, using a fixed radio network, stored locally and then sent periodically to a central database using GSM communications. The above-mentioned network sectors are predominantly residential and correspond to territorial areas with the following dwelling characteristics: apartment blocks (Sector 1), semi-detached and detached houses (Sector 2) and detached houses with gardens (Sector 3).
For this territorial area, 18 statistical subsections were identified from the census and respective data were gathered using a geoprocessing tool (Loureiro ; Mamade ).
This tool calculates a set of socio-demographic variables for each network sector, through the combination of georeferenced data from the census with network data relatively to the service connections, using a geographic information system. Therefore, this tool converted census data, from stat- 
Consumption clustering
At the statistical subsection level, only five statistical subsections have total daily average consumption for working days In order to group subsections and clients in terms of consumption, k-means clustering was used. At the statistical subsection level, four groups were obtained, indicating that only in the medium-high and high groups is the daily average consumption higher than the national reference value,
L/(client·day) (ERSAR ).
At the client level, four groups were obtained, where more than 50% were classified in the groups of low or medium consumption, having an average value less than 251 L/(client·day) ( Table 1) .
k-means was also applied to group dimensionless daily average patterns for working days and weekends, for each client. A daily pattern is a curve uniting some representative value of consumption at each successive point throughout the 24 hours of the day. Different days of the week may correspond to different patterns. There are significant differences between working days and weekends daily consumption patterns ( Figure 5 ). Figure 5 represents the typical daily behaviour for each cluster, given by the median value for each instant throughout the 24 hours. During working days, the differences between the three groups of patterns were more noticeable and they were classified according to the maximum consumption period:
. Results indicate that the morning peak pattern is less frequent among the clients than the remaining patterns. On the other hand, daily consumption patterns for weekends are much less variable, indicating that the consumption behaviours during the weekend are very similar among the clients.
After the cluster analysis regarding the daily average consumption (four clusters) for working days and daily consumption patterns (three clusters), new variables were created. These variables correspond to the clients' distribution by each of the seven obtained clusters.
Socio-demographic analysis
Prior to the correlations analysis between water consumption and demographic information, several principal components factorial analyses were conducted to aggregate single variables within each census domain (i.e. buildings, dwellings, families and population). Table 3 shows the results of these analyses, only regarding to the factors that obtained a significant correlation with the consumption profiling.
Regarding domain 'dwellings', the factor that correlates with household consumption is the one formed by the vari- This factor explains 43.52% of the total variance, showing a high reliability (α ¼ 0.91) and was designated by 'working adults and school age population' (Table 2) .
Socio-demographic profiling of consumption Table 3 shows the correlations between the above referred consumption variables and socio-demographic factors.
Regarding the clusters of daily patterns of working days, the strongest correlations are between the 'peak in the dinner period' and the rented middle size dwellings, the working middle size families and with the working and school age population. The cluster 'peak in the morninglunch period' is more strongly related with working middle size families whereas the cluster 'peak in the morning' is most related to active working population and young people at school age. These findings were less differentiating than those expected and may be due to the fact that we are dealing with a more aggregate level of information, such as the statistical subsection, where the slight differences between patterns are more probably blurred. 
